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Abstract 
Handheld wireless technology is increasingly being used as a flexible tool for data 
management in health care sector. Greater awareness and cheaper wireless technology are 
some of the dominating factors for its increased use. In this paper we present a cross 
national study of the drivers and inhibitors of clinical usefulness of wireless technology in 
Australia and India. We have undertaken our study in these two countries because of their 
contrasting health care policies. In Australia the health care policies are governed by a 
combination of Government and private sectors. While in India the private sector plays the 
most dominant role. We used a ground up approach to develop the drivers and inhibitors of 
wireless technology usefulness instead of using or adapting any traditional technology 
adoption models. Qualitative field study was undertaken in both Australia and India that 
helped us in developing a simple but appropriate research model for both these countries. 
As our study is cross national we used optimal scaling procedure to standardize the data 
before applying partial least square (PLS) procedure for hypotheses testing. The result of 
our study was interesting. The PLS application to the raw data did not support any of the 
hypotheses. However after optimal scaling we got contrasting results via PLS application. 
The paper presents the implications of the results and suggests to use optimal scaling with 
PLS in cross national study.  
 
Keywords: Healthcare management, Technology usefulness, Wireless Technology, PLS 
Model, Optimal scaling 
 
Introduction  
In the last few years, high expectations, technological developments, and effective and 
efficient services have shown to be a prerequisite for the improvement in the healthcare 
domain (Spil & Schuring, 2006). Latest trends in the healthcare sector include the design of 
more flexible and efficient service provider frameworks. In order to accomplish this service 
provider framework, wireless technology is increasingly being used in healthcare 
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specifically in clinical domain for data management. However, there is limited knowledge 
and lack of empirical research in regards to the effectiveness and adoption of wireless 
technology in the healthcare systems in general (Spil & Schuring, 2006) and cross-national 
comparison of wireless technology in healthcare in particular.  
 
Recent research has established that investment in emerging Information Technology (IT), 
including Information Systems (IS), can lead to productivity gains only if they are accepted 
and effectively used by respective stakeholders (Rogoski, 2005). One main contributing 
factor appears to be the usefulness of technology in a given domain (Nykanen, 2006). Our 
previous research in Western Australia (Gururajan et al., 2005b), in Queensland, Australia 
(Gururajan et al., 2005a) and in India (Howard et al., 2006) established that clinical 
influences are crucial in the acceptance of wireless technology in healthcare. In addition to 
a set of derivers and inhibitors, our data were able to identify factors specific to clinical 
influences pertaining to wireless technology. We also found that the type of clinical factors 
remained more or less similar from country to country in establishing the determinants of 
wireless technology usefulness.  
 
Our previous experience with cross-national study motivated us to undertake the current 
research. Cross-national study brings in the challenge of resolving the data equivalence 
issues (Sing 1995, Mullen 1995). One must be careful in crafting the data collection and 
data analysis procedure for meaningful comparison. In this paper we present the results of a 
cross-national study which investigated, examined and then developed a conceptual model 
relating drivers and inhibitors to the clinical usefulness of wireless technology in two 
healthcare environments – namely Australia and India. Thus the research questions which 
guided this study are as follows:  
• What are the significant determinants (in terms of drivers and inhibitors) of 
clinical influences of wireless technology in healthcare systems in Australia and 
India? 
• How do they compare across these two nations? 
In investigating the above research questions we combined optimal scaling (Shen and Lai 
1998) and partial least square (PLS) (Chin 1998) in an effective way. Optimal scaling 
procedure was used to standardise the data for cross-national comparison, while PLS was 
used to analyse the data in order to test the hypotheses. In the next several sections we first 
present the background literature followed by methodology, results, discussion and 
conclusion.  
 
Background  
The acceptance of new technologies can be viewed from two different perspectives, that of 
the enterprise (or organisational unit) adopting the technology and its reasons for doing so 
(adoption triggers) and the acceptance of that technology by the users within that enterprise 
(individual adoption). Both of these perspectives have long been an important area of 
inquiry in the information systems world. 
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Much of diffusion research has introduced the general themes and frameworks relating to 
adopting, diffusing or infusing information technology into organisational life. Many of 
these rely on applying general social-pyschology models to the IT context.  Examples of 
these type of approaches include the Technology Acceptance Model (TAM) (Davis, 1989) 
which is based on the Theory of Reasoned Action (TRA) (Fishbein & Ajzen, 1975), Moore 
and Banbasat’s Diffusion of Innovation (DOI) (1991; 1996), Theory of Planned Behaviour 
(TPB) (Ajzen 1991; Ajzen & Madden, 1986), Cooper and Zmud’s (1990) infusion model, 
the Task Technology Fit (TTF) model (Goodhue & Thompson, 1995) and the Unified 
Theory of Acceptance and Use of Technology (UTAUT) (Venkatesh et al., 2003). All of 
these models deal with the use and acceptance of technology in organisations, but each 
model differs in their theoretical structures, constructs and relationships. 
 
In healthcare literature, the issues regarding wireless technology has been researched in the 
past. These studies can be grouped into three periods. For example, studies prior to and 
including 2000 (example: (Kohn & Corrigan, 2000)) discussed the status of wireless 
technology and the possible role the technology can play in healthcare. Studies between 
2000 and 2003 (for example: (Dyer, 2003; Oritz & Clancy, 2003; Simpson, 2003)) 
discussed how wireless technology can be deployed in healthcare and the potential benefits 
the technology can bring to healthcare. It should be noted that these studies were only 
‘discussion/exploratory’ type. Majority of these studies did not provide any empirical 
evidence as to the use or acceptance of wireless technology in healthcare domains. Studies 
from 2004 till current date (for example: (Caffery & Manthey, 2004; Chau & Turner, 
2004)) have collected data to establish the usefulness of wireless technology in healthcare. 
These studies, to some extent have focussed on the PDAs as these devices have been found 
to be useful in nursing domain for clinical data management.  
 
While prior studies agreed that wireless applications have the potential to address the 
endemic problems of healthcare, very limited information can be found about the 
determinants of such wireless applications in order to establish the usefulness of technology 
in a given healthcare context (Gururajan et al., 2005a, 2005b).  
 
Literature also appears to indicate that the current models of technology acceptance or its 
derivatives are not suitable to predict the usefulness of wireless technology in healthcare 
environment. Strong support can also be derived from three specific studies that have tested 
TAM models in healthcare. The first study conducted by Jayasuriya (1998) established that 
ease of use was not significant in a clinical domain. The second study by Chau & Hu (2002) 
echoed similar sentiments. The third study by Hu et al. (1999) also found similar findings.  
 
These differences in research outcomes require further empirical investigation. Therefore, 
there is a need to identify the determinants (in terms of drivers and inhibitors) of the 
usefulness of wireless applications in healthcare environment.  
 
Since our research undertook a cross-national study, it posed some additional problems with 
data collection. The data across the nations need to be equivalent for meaningful analysis 
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and interpretation (Mullen 1995, Sing 1995). Sing (1995) mentions that cross national 
research must address the issues of ‘functional’, ‘conceptual’, and ‘instrument’ equivalence. 
Functional equivalence deals with whether focal concept serves the same function in 
different nations. In our research the focal concept is ‘clinical usefulness’ of wireless 
technology in health care. We argue that this concept is equivalent and comparable across 
Australia and India. Conceptual equivalence deals with whether developed constructs 
express similar attitudes or behaviour across the nations. The instrument equivalence is very 
important in cross national research. This deals with whether the scale items, response 
categories and questionnaire stimuli are interpreted identically across nations. This poses a 
great problem in cross national research due to different cultural background. For example, 
the meaning of ‘excellent’ or ‘very bad’ may be interpreted differently in Australia and 
India. As a remedy Mullen (1995) suggested the use of optimal scaling to rescale the data in 
standard ways before applying any statistical tool. The rescale data can then be compared 
meaningfully across the different nations. As will be discussed in the next section optimal 
scaling is also used to rescale the discrete measurement into equivalent continuous scale 
(Shen and Lai 1998). 
 
In the methodology section next we shall discuss how the data equivalence issues were 
addressed adequately in our research.  
 
Methodology  
To investigate our research questions, we require both qualitative and quantitative methods. 
Qualitative methods will help us to understand the domain and the context in a practical 
sense. Quantitative methods will assist us to generalise our findings. Thus initially an 
exploratory phase was conducted using a qualitative approach to establish the direction for 
the study. This was then followed up with the main study using quantitative approach. The 
uniqueness of this approach is the development of the instrument from the qualitative 
interviews, almost using the statements provided by interview participants. This has 
provided relevance and reliability to our quantitative instrument.  
Qualitative Data Collection and Exploratory Hypotheses  
The qualitative phase of the study helped us in collecting initial sets of themes for the 
adoption of wireless technology by the physicians in the Indian and Australian healthcare 
systems. For this purpose, the first stage of the data collection concentrated on randomly 
identifying 30 physicians each from India and Australia with some form of wireless 
technology already in use. The physicians were also selected based on their wireless 
technology awareness or working experience. They were drawn from both private and 
government hospitals. These physicians were interviewed by an independent member 
(external to the team) to identify the attributes for the adoption of wireless technology by 
physicians. The interview questions covered aspects such as participants’ experience in 
using wireless technology, their perceived opinions on various benefits and problems, 
opinions on how this technology would fit-in their workplace functional requirements, and 
whether the technology would yield significant benefits.  
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 The interviews were conducted (in English) over a 45 - 60 minute period and recorded using 
a digital recording machine. The recorded interviews were then transcribed. Table 1 
summarises the themes extracted from the qualitative data analyses and further verified via 
factor analysis after the quantitative data collection. It is interesting to note that these themes 
are common for both Australia and India. The abbreviations within parenthesis were used in 
the data coding process. “Clinical Usefulness” indicates in what ways the wireless 
technology can be useful in the specific health domain. The “Drivers” are the benefits which 
drive the clinical usefulness further, while the “Inhibitors” are the negative factors which 
inhibit the usefulness of wireless technology.  
Table 1: Common themes from qualitative interview data 
Drivers Inhibitors Clinical Usefulness 
• Technology support 
(techsupp) 
• Save time (savetime) 
• Save effort 
(saveeffort) 
• Improved clinical 
performance 
(impclnperf) 
• Easy access to data 
(esydataaccs) 
• Reduced workload 
(redworkload) 
• Reduced overall cost 
(redovrallcost) 
• Attract more 
practitioners 
(attrctpract) 
• Improved 
organisational image 
(imporgimage) 
• Improved clinical 
workflow 
(impclncwrlfl) 
• More contact time 
with patients 
(moreconttime) 
• Reduced medical 
errors (rdmederror) 
• time for training 
barrier (bartimetrg) 
• technology  
expertise barrier 
(bartechexpertise) 
• benefit evaluation 
barrier 
(barbenefiteval) 
• system migration 
barrier 
(barmigration) 
• technical support 
barrier 
(bartechsupport) 
• poor technical 
implementation 
barrier 
(barpoortechimpl) 
• funding barrier 
(barfund) 
• device usage barrier 
(bardeviceuse)  
• resources barrier 
(barresource) 
• solutions barrier 
(barfindsolun) 
• Obtain lab results 
(obtlabresults) 
• Administrative 
purpose 
(admnpurpose) 
• Electronic 
prescribing 
(electrprescribe) 
• Medical database 
referral (databaseref) 
• Patient education 
(ptnteducation) 
• Communication with 
colleagues 
(commcolleagues) 
• Drug administration 
(drugadmn) 
• Communication with 
physicians 
(commphysicians) 
• Electronic Medical 
Records (EMR) 
• Generating exception 
list (exceptionlist) 
• Note taking 
(notetkng) 
• Disease state 
management 
(diseasemgt) 
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The driver themes were extracted when there was a positive statement and the inhibitors 
were extracted when there was a negative sentiment. The clinical usefulness themes were 
extracted when a positive statement was made which was outcome type. It is noted that 
examining drivers and inhibitors for technology adoption has also been studied previously, 
for example see Gilbert and Balestrini (2004) and Quaddus and Achjari (2005). In line with 
the previous literature we, therefore, present our exploratory hypotheses as follows:  
H1: Drivers positively influence the clinical usefulness of wireless technology in the 
healthcare context of Australia and India.  
H2: Inhibitors negatively influence the clinical usefulness of wireless technology in the 
healthcare context of Australia and India. 
Quantitative Data Collection 
This study developed a survey instrument from the interview data. The data from the 
interviews (see Table 1) were used to develop a specific range of questions to gather more 
detailed view from the wider population. The driver and clinical usefulness items were 
measured using a five point category scale whereas the barrier items, for ease of responses, 
were measured using a two point category scale of presence or absence of the specific 
barriers. This posed a problem in subsequent data analysis as the quantitative data obtained 
lacked the continuity property. Optimal scaling method is applied to the data as a remedy 
(Shen and Lai 1998, Mullen 1995, Yong 1981) and both pre and post optimal scaling data 
analyses are presented using PLS. This is discussed in detail later in the paper.  
 
The survey instrument was pilot tested to capture the information reflecting the perceptions 
and practice of those using the wireless technology in the Indian and Australian healthcare 
systems. The survey was then distributed to over 300 physicians each in India and in 
Australia. The Indian sample was randomly chosen from the telephone book. The Australian 
sample was chosen through local health departments. A cover letter explained the objectives 
and goals of the research. In order to improve the response rate a telephone reminder was 
given two weeks after the initial date of survey distribution. A total of 200 responses were 
received from India and 119 from Australia.  
Data Analyses 
As mentioned earlier our quantitative data are comprised of five and two point category 
data. Category data are inherently ordinal (or nominal) in nature. Assigning numbers like 1 
to 5 and 1 to 2 are done arbitrarily (Shen and Lai 1998). Figure 1 (adapted from Shen and 
Lai (1995)) shows how the quantitative data collection process looses the original 
continuous feeling by discrete numbers.  
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Figure 1: Illustration of 5-point scale measurement  
It is noted that original continuous feeling which is captured by categorizing variables is 
transformed into a discrete measure. While this is a common practice in traditional data 
collection, a rescaling of the discrete measurement can be undertaken to come up with 
continuous version of the discrete data. Figure 2 (adapted from Shen and Lai 1998) 
illustrates this process.  
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2: Rescaling by Optimal scaling method 
Figure 2 shows that optimally scaled data spreads the discrete measurements into a 
continuous scale while maintaining the original ordinal properties of the data. While various 
optimal scaling procedures are available (Shen and Lai 1998, Yong 1981) we use the 
procedure which maintains the original means and variances of the data and keeps the 
ordinal nature of the data. The procedure PRINQUAL of SAS statistical system using 
maximum total variance (MTV) is used in our case to optimally scale the data.  
Our data analyses procedure uses PLS as follows: 
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(i) Use original data  and run through PLS in order to test the hypotheses (pre-
optimal analysis) 
(ii) Optimally scale the data and run through PLS again to test the hypotheses (post-
optimal analysis) 
(iii) Compare and contrast results of (i) and (ii)  
 
Handling the data equivalence issues 
 
The functional, conceptual and instrument equivalence issues were handled as follows. The 
functional equivalence issue was addressed during the qualitative interview process in both 
Australia and India. It was ascertained that the interviewees agree that the drivers and 
Inhibitors do indeed affect the clinical usefulness of wireless technology in both Australia 
and India, which is the focal point of the research.  
 
The conceptual equivalence issue was also addressed during the qualitative and quantitative 
part of our research. During the qualitative part we developed the constructs of ‘drivers’, 
‘inhibitors’, and ‘clinical usefulness’. Much care was taken so that the attitude and 
sentiments expressed by the interviewees are captured in similar ways to develop the 
constructs. It is noted that the common construct items (see table 1) were used to develop 
the drivers, inhibitors and clinical usefulness constructs in Australia and India thus also 
maintaining the conceptual equivalence. As suggested by Mullen (1995) we used optimal 
scaling procedure to standardize the data which addressed the instrument equivalence issue 
of our cross-national research. It is noted that optimal scaling also served the purpose of 
rescaling the discrete measurements into equivalent continuous measurements (see earlier 
discussion).  
 
Analyses of Results: Pre and Post Optimal Scaling  
Figure 3 presents the testable research model developed from the qualitative data collection 
and analysis. As mentioned earlier this model is common for both Australia and India.  
Formative latent Variables  
The items under barriers, drivers and clinical usefulness form the constructs of barriers, 
drivers and clinical usefulness. As the items of barriers, drivers and clinical usefulness have 
been primarily developed via qualitative analysis, there is no theoretical grounding to 
consider them as reflective. Also the items are quite disjoint and therefore form the relevant 
constructs. As such these constructs are formative in nature. Chin (1998) mentions that 
“formative indicators are not assumed to be correlated nor do they measure the same 
underlying phenomenon”. Using various published sources Santosa et al. (2005) 
summarizes the issues regarding formative indicators as follows¨ 
(i) under formative indicators the latent variable is defined as a function of 
measurements 
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(ii) correlations among formative indicators are not explained by the measurement 
model 
(iii) omitting an indicator is omitting a part of the construct 
(iv) weights (not loadings) should be used for formative indicators 
(v) indicator’s weight provide meaningful information about the creation of the 
corresponding latent variable 
(vi) internal consistency (and hence reliability/validity) is of minimal importance for 
formative indicators 
In view of the above and since our model had all formative indicators we did not perform 
traditional measurement (reliability/validity) and structural analysis using PLS. Instead we 
combined measurement and structural part of PLS and performed the data analysis. It is 
noted that in view of (iii) above we also did not remove any low weighted formative 
indicator.  
 
 
Figure 3: The testable research model 
 
Results of Australian Study 
Table 2 presents the weights of the formative indicators using the Australian data for both 
pre and post optimal scaled cases.  
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Table 2: Weights of the formative indicators for Australian study  
Construct Indicators  Pre-optimal scaled 
weights 
Post-optimal scaled 
weights 
attrctpract 0.1920  0.4269 
savetime  0.1257  0.2204 
redworkload 0.2633  0.2654 
saveeffort 0.0579  0.0183 
techsupp 0.1109 0.9989 ***  
imporgimage 0.1066  0.7826 
redovrallcost 0.8386 0.1325 
impclncperf 0.0347 0.6993 
esydataccs 0.4563 0.2020 
rdmederror 0.7838 * 0.5984 
moreconttime 0.9669 0.1173 
Drivers 
impclncwrlfl 0.6908 *  0.2955 
bartimetrg 0.106 0.2410 
barmigration 0.2953 0.1204 *  
barpoortechimpl 0.207 0.7259 ***  
barfund 0.0030 0.1656 
bartechsupport 0.3846 0.001 
barresource 0.373 0.1479 
bardeviceuse 0.2868 0.0953 
barfindsolun  0.2322 0.4466 
bartechexpertise 0.0899 0.1204 
Inhibitors 
barbenefiteval 0.9394 **  0.1122 
EMR 0.0553 0.0206 
obtlabresults 0.594 0.1252 
Electrprescribe 0.98 0.1975 
notetkng 0.251 0.2084 
ptnteducation 0.211 0.2238 
commcolleagues 0.152 0.2690 
exceptionlist 0.8576 0.0406 
databaseref 0.293 0.0855 
commphysicians 0.2364 0.0049 
admnpurpose 0.505 0.0136 
drugadmn 0.538 0.0156 
Clinical 
Usefulness 
diseasemgt 0.63 0.0237 
p < 0.05; ** p < 0.01; *** p < 0.001 
Within the drivers construct in the pre-optimal scaled analysis “more contact time with 
patients” (moreconttime) has the highest weight of 0.9669 followed by “reduce overall cost” 
(redovrallcost) with a weight of 0.8386. However, after optimal scaling weights of these two 
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indicators reduce significantly (0.1173 and 0.1325). It is also observed that in the pre-
optimal scale case the indicator “improve clinical performance” (impclncperf) had the 
lowest weight of 0.0347. However, after optimal scaling weight of this indicator increases to 
0.6993, a dramatic increase (see Table 2).  
Within the Inhibitors construct it is observed that “poor technical implementation barrier” 
(barpoortechimpl) had a low weight of 0.207 in the pre-optimal scale case. However, after 
optimal scaling the weight increased to 0.7259 (significant at 0.001 level). On the other 
hand, weight of “benefit evaluation barrier” (barbenefiteval) decreased from 0.9394 to 
0.1122.  
Similar differences in weights distribution are also observed in the clinical usefulness 
construct. It is noted that since our research model did not have any reflective indicators, we 
therefore did not perform any traditional reliability and validity tests within PLS.  
Table 3 shows the results of hypotheses tests for Australia in both pre and post optimal scale 
analysis.  
Table 3: Results of hypotheses tests for Australian study 
Hypotheses Pre-optimally scaled path 
coefficients (t-value)  
Post-optimally scaled path 
coefficients (t-value) 
H1: Drivers Æ Clinical 
usefulness 
0.519 (1.13) 0.183 (1.11) 
H2: Inhibitors Æ Clinical 
usefulness 
- 0.357 (1.39) - 0.817 *** (4.95) 
R2 for pre-optimal scale = 0.51; R2 for post-optimal scale = 0.99; *** p < 0.001 
Hypotheses tests unearth some interesting discoveries. It is noted that overall the direction 
of stated hypotheses have been supported in both pre and post optimal cases. However in 
pre-optimal case none of the hypotheses are significant. On the other hand in post-optimal 
case H2 has been supported significantly. That is, Inhibitors negatively influence the 
Clinical usefulness of wireless technology in Australia. It is also noted that R2 has improved 
significantly in the post optimal case (from 0.51 to 0.99). Therefore the post-optimal data 
explains 99% of the variance of clinical usefulness in Australia.  
 
Results of Indian Study 
Table 4 presents the weights of the formative indicators using the Indian data for both pre 
and post optimal scaled cases.  
Table 4: Weights of the formative indicators for Indian study  
Construct Indicators  Pre-optimal scaled 
weights 
Post-optimal scaled 
weights 
attrctpract 0.5129 0.604  
savetime  0.998 0.278 
Drivers 
redworkload 0.1962 0.421 
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saveeffort 0.9881 0.657 
techsupp 0.4722 0.12 
imporgimage 0.0915 0.653 
redovrallcost 0.1842  0.343 
impclncperf 0.0662 0.99  
esydataccs 0.4963 0.21 
rdmederror 0.6258 0.023 
moreconttime 0.1350 0.003 
impclncwrlfl 0.3044 0.575 
bartimetrg 0.0152 0.252 
barmigration 0.2997 0.688 
barpoortechimpl 0.3277 0.824 
barfund 0.4098 *  0.057 
bartechsupport 0.1741 0.21 
barresource 0.0673 0.377 ***  
bardeviceuse 0.3469 0.193 
barfindsolun  0.5939 *  0.99 *  
bartechexpertise 0.2793 0.482 
Inhibitors 
barbenefiteval 0.0954 0.122 
EMR 0.3570 0.552 ***  
obtlabresults 0.2286 0.0775 
Electrprescribe 0.3246 0.048 
notetkng 0.6966 0.311 
ptnteducation 0.6544 *  0.16 
commcolleagues 0.0790 0.011 
exceptionlist 0.1205 0.046 
databaseref 0.3291 0.142 
commphysicians 0.4769 0.99  
admnpurpose 0.2381 0.013 
drugadmn 0.1674 0.262 
Clinical 
Usefulness 
diseasemgt 0.3352 0.211 
     * p < 0.05; ** p < 0.01; *** p < 0.001 
Like the Australian study the Indian study also showed substantial differences in weights 
between pre and post optimal cases. Low weights in pre optimal cases ended up getting high 
weights in post optimal cases and vice versa.  
Table 5 shows the results of hypotheses tests for India in both pre and post optimal scale 
analysis.  
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Table 5: Results of hypotheses tests for India study 
Hypotheses Pre-optimally scaled path 
coefficients (t-value)  
Post-optimally scaled path 
coefficients (t-value) 
H1: Drivers Æ Clinical 
usefulness 
0.168 (0.544) 0.913 *** (9.73) 
H2: Inhibitors Æ Clinical 
usefulness 
- 0.554 (1.524) - 0.076 (0.83) 
R2 for pre-optimal scale = 0.373; R2 for post-optimal scale = 0.976; *** p < 0.001 
Like the Australian study the Indian study also supported overall direction of the stated 
hypotheses in both pre and post optimal cases. However in pre-optimal case none of the 
hypotheses are significant (like the Australian study). On the other hand in post-optimal case 
H1 has been supported significantly (unlike the Australian study). That is, Drivers positively 
influence the Clinical usefulness of wireless technology in India. It is also noted that R2 has 
improved significantly in the post optimal case (from 0.373 to 0.976). Therefore the post-
optimal data explains 97.6% of the variance of clinical usefulness in India.  
 
Discussion and Conclusion 
Primary objective of this study was to investigate the drivers and inhibitors of clinical 
influences of wireless technology in health care systems in Australia and India. In doing so 
we adopted a mixed research design in which we uncovered drivers and inhibitors through 
qualitative study and two hypotheses were developed. Quantitative data were then collected 
via questionnaire in two countries to test the hypotheses. Cross national study like ours 
always pose a problem with data collection. The data across the nations need to be 
equivalent for meaningful analysis and interpretation (Mullen 1995, Sing 1995). Sing (1995) 
mentions that cross national research must address the issues of ‘functional’, ‘conceptual’, 
and ‘instrument’. We have outlined our procedures in earlier section to address these various 
equivalence issues in our data collection and analyses.  
In view of the above we also used optimal scaling procedure to the data before using PLS to 
test the hypotheses. Our results show that the post-optimal scaled data explains 99% and 
97.6% variance of ‘clinical usefulness’ for Australia and India respectively, which is much 
higher than the pre-optimal scale analysis. The pre-optimal scale analyses did not 
significantly support any of our hypotheses for Australia and India, although the overall 
direction of the hypotheses was supported. However, the post-optimal scaled data revealed 
some interesting results. For Australia we found that Inhibitors significantly influence 
(negatively) the clinical usefulness while Drivers do not. In our previous studies (Gururajan 
et al. 2005a, 2005b) we found that wireless technology are being used to some extent in 
Australian health sector. This could be a reason for the Australian respondents to look into 
the Inhibitors of wireless technology more deeply. Thus Inhibitors were found to 
significantly influence the clinical usefulness.  
On the other hand, for India Drivers significantly influence (positively) the clinical 
usefulness while the Inhibitors do not. The use of wireless technology in health sector in 
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India is not wide spread. Being a new technology the respondents from India looked into the 
positive side of it more deeply than the negative effects. Thus drivers were found to 
significantly influence the clinical usefulness in India.  
From theoretical view point our research make a contribution by showing how a ground up 
approach can be applied in situations where no traditional model can be applied. We also 
argued and undertook the use of optimal scaling method in data analysis. We have also 
shown how PLS improves the results when optimally scaled data are used. We believe it 
makes a substantial contribution and departs from traditional use of PLS in data analysis.  
From practical view point our results unearths some interesting findings. For example, in 
India the adopters of wireless technology are mostly concerned with the drivers and positive 
impact of wireless technology, whereas in Australia the opposite is true. The planners and 
stakeholders should consider these findings in any forward planning.  
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